Abstract
Introduction
Designing an effective and robust control for a nonlinear system with unmodeled dynamics and system disturbances/uncertainties is one of the most significant issues facing control engineers [1] . In the real world, system dynamics are seldom fully known, and more unknown disturbances will arise during the operation. Because there are some uncertainties or unknown disturbances within the system, many engineers have developed a dedicated design control which is insensitive to changes in system dynamics; this dedicated control has become known as a robust control [2] [3] . The sliding mode control is an example of a dedicated design control that is used as a robust control [4] . The main feature of the sliding mode control is that it is insensitive to disturbances and uncertainties, if those are bounded.
However, the sliding mode control introduces chattering, which is one of the most significant problems in the field of sliding mode control [4] [5] [10] [11] [12] [13] [14] . Overestimating the boundaries of uncertainties and disturbances leads to high sliding mode controller gains and thus increases chattering. Chattering in systems with a sliding mode control is usually caused by the unmodeled dynamics and can be observed as high frequency (but less than infinity) control switching. The chattering effect in control results in oscillations in the sliding variable dynamics. These oscillations prevent sliding variables from being constrained to zero, which results in the degradation of the accuracy of sliding variable stabilization. As a solution to this issue, a sliding mode control with gain adaptation has been proposed, because of its ability to reduce the chattering; it retains the main properties of a sliding mode control but can also control a system with matched bounded disturbances, in which the bounds are unknown. This paper examines and compares two strategies for creating robust controls in an atmosphere of dynamic disturbances and uncertainties. The first strategy utilizes a sliding mode control while the second utilizes a sliding mode control with an intelligent gain control. Using the nonlinear system to compare these strategies, this paper shows that the sliding mode control with gain adaptation is a better strategy to design successful control models for use in the presence of the unknown bounded disturbances or uncertainties with unknown boundaries, since the adaptive gain sliding mode control mitigates chattering.
The robot manipulator is chosen as the nonlinear system. Robot manipulators are designed to move material, parts, tools, and specialized devices by having various programmed motions for different tasks. These manipulators consist of links connected by joints; those connected links then form a kinematic chain. The robot manipulators have several features that make them attractive in an industrial environment. Among the advantages often mentioned are decreased labor costs, increased precision and more humane working conditions, as dull, repetitive, or hazardous jobs are performed by the robot manipulators rather than by humans. The robot manipulators are doing adhesive and welding operations to connect the side frame with the body shell. Typical applications of robot manipulators include welding, painting, assembly, pick and place, and so on. More than 800,000 robot manipulators are in operation in the world, mostly in Japan, the European Union and North America [6] [7] .
In this work, robust control is designed for the robot manipulators in the presence of unknown disturbances and uncertainties. The joint variables of each robot manipulator's joint are controlled in order to control the motion. As a case study, a continuum robot manipulator is studied and simulated. This paper demonstrates the robustness of the sliding mode control with intelligent gain adaptation through the case study. The results reveal that the sliding mode control with intelligent gain adaptation is an effective method to design a robust control for those multipurpose robot manipulators which perform various tasks.
The structure of the paper is as follows: Section 2 introduces the robot manipulator dynamics. Section 3 reviews concepts, design techniques of sliding mode control, fuzzy logic theory and paper methodology. Section 4 describes the summary of the results of this paper and in the last part draws a conclusion.
Theory

Robot Dynamics
This part introduces the dynamics of robot manipulators. Since its inception, the field of robot dynamics has presented many issues in refining both theory and operations; one of the most challenging areas of study has been the problem of computational efficiency in the dynamics of mechanisms. Many efficient algorithms in dynamics have been developed to address this problem. In this part, using the developed robot dynamics, the inverse dynamics of robot manipulators are derived and used to develop a control design.
The dynamics of robot manipulators illustrate the relationship between force and motion. The generalized force for a robot manipulator can be described as a second-order nonlinear differential equation. The dynamic equation of robot manipulators is derived using the Lagrangian [8] . The Lagrangian is derived by subtracting potential energy from kinetic energy [9] . The following Lagrangian formulation is defined as:
where K is defined as the sum of the kinetic energy for each joint, and P is defined as the sum of the potential energy for each joint. Using Lagrangian L, Euler-Lagrange Equation is defined as [1] .
̇− = (2)
Where ̇ is defined as a joint velocity, q is defined as a joint variable, is defined as a generalized force. The equation, which is rewritten Equation (2) in matrix form, is the dynamic equation of robot manipulator.
The model resulting from the application of Lagrange's equations of motion obtained for this system can be represented in the form
where is a vector of input forces and q is a vector of generalized co-ordinates. The force coefficient matrix transforms the input forces to the generalized forces and torques in the system. The inertia matrix, is composed of four block matrices. The block matrices that correspond to pure linear accelerations and pure angular accelerations in the system (on the top left and on the bottom right) are symmetric. The matrix contains coefficients of the first order derivatives of the generalized co-ordinates. Since the system is nonlinear, many elements of contain first order derivatives of the generalized coordinates. The remaining terms in the dynamic equations resulting from gravitational potential energies and spring energies are collected in the matrix .
Methodology
The main advantage of sliding mode control is the robustness that can be achieved when properly matched to the bounded disturbances. This part begins by introducing the concepts of the sliding surface and the sliding mode. Then, it demonstrates how to design 1) a sliding mode control and 2) an intelligent gain adaptive sliding mode control.
All the values in the robot manipulator dynamic equation are known or measurable, except for the boundary of the bounded disturbances and uncertainties and joint velocities. The robot manipulator is controlled via joint variables, and the commands are given as joint variables.
The goal of the intelligent gain sliding mode control for the robot manipulator is to drive the joint variables to the desired or command values in finite time and keep them thereafter in the presence of the bounded disturbances, without overestimation of controller gains. The following is the design procedure for the control system for the robot:
 Estimate joint velocities using a super-twisting observer.  Design sliding variables of the robot manipulator control system for each control.  Derive control u.  Design a gain adaptation for each control.
It is now necessary to design a sliding functions for the traditional sliding mode control of the robot manipulator as follows [10] [11] [12] [13] [14] 
Then the derivative of the sliding variables is expressed as,
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Then the row of control function is designed as follows:
suppose the control input is written as follows
The control derived in Equation (8) is a high frequency switching function which causes chattering. It is necessary to design control using an intelligent sliding variable to eliminate chattering. The intelligent sliding variable is described in the following parts.
The controller gain ( ) is necessary to satisfy the following condition
to provide the finite time convergence.
The Lemma equation in robot manipulator system can be written as follows
Due to above formulations, we have:
Therefore the dynamic formulation for SMC is:
can be calculate as follows:
is computed as;
Fuzzy-logic aims to provide an approximate but effective means of describing the behavior of systems that are not easy to describe precisely, and which are complex or ill-defined. It is based on the assumption that, in contrast to Boolean logic, a statement can be partially true (or false). For example, the expression (My University is near Shiraz) where the fuzzy value (near) applied to the fuzzy variable (distance), in addition to being imprecise, is subject to interpretation. The essence of fuzzy control is to build a model of human expert who is capable of controlling the plant without thinking in terms of its mathematical model. As opposed to conventional control approaches where the focus is on constructing a controller described by differential equations, in fuzzy control the focus is on gaining an intuitive understanding (heuristic data) of how to best control the process, and then load this data into the control system.
The central idea of fuzzy sets is that elements can have partial membership in a given set. In contrast to a classical set, a fuzzy set, as the name implies, is a set without a crisp boundary. In this respect, fuzzy sets are functions that map a value to a number between zero and one, indicating its actual degree of membership. A degree of zero means that the value is not in the set, and a degree of one means that the value is completely representative of the set. They were introduced by Prof. Lotfi A. Zadeh in 1965 as an extension of the classical notion of "set" and as a mathematical way to represent and deal with vagueness in everyday life. The fuzziness does not come from the randomness of the constituent members of the set, but from the uncertainties and imprecise nature of abstract thoughts and concepts.
A Fuzzy-Logic System (FLS) is a non-linear mapping from the input to the output space, where the input is first fuzzified as shown in Figure 1 .
Figure 1. Implementation of Fuzzy-logic Control System, Adapted From
The fuzzy sets computed by the fuzzy inference as the output of each rule are then composed and defuzzified. Fuzzification helps in evaluating the rules, but the final output of a fuzzy system has to always be a crisp number. (i.e., conversion from a fuzzy set to a crisp number). Fuzzy membership functions on the other hand, are defined in terms of numerical values of an underlying crisp attribute. For example: Short, Medium and Tall in terms of the fuzzy variable: height. In other words, determining how much each discrete input value belongs to each input fuzzy set using the corresponding membership function. The next sections will explain the operations of every module in Figure 1 in order to formulate the non-linear parametrised mapping for the fuzzy-flatness tracking control.
Fuzzification is the process of translating crisp input values into fuzzy linguistic values (fuzzy sets) through the use of membership functions. Generally, fuzzy membership functions are defined in terms of numerical values of an underlying crisp attribute such as short, medium and tall in terms of the fuzzy variable 'Height'. They are subsequently processed by the inference engine that retrieves knowledge in the form of fuzzy rules contained in the knowledge-base.
Fuzzy knowledge-bases are implemented as a set of IF-THEN rules as follows:
IF (condition1 AND/OR condition2) THEN (consequence).
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In fuzzy logic terminology, the statement following the IF is known as the premise, antecedent, or condition. The corresponding statement following THEN is known as the conclusion or consequent, and the actual calculation of the consequent using the premises calculated from the fuzzified inputs is reserved for the inference engine [11] [12] [13] [14] .
In designing fuzzy systems, one should decide whether the number of rules is sufficient and if there are specific interactions between the rules. These problems were discussed in detail in the works.
The inference engine is the heart of a FLC and acts as the bridge between the fuzzification and defuzzification stages. It aims at translating the designers desired control rules from a linguistic representation to a numeric computation, and can be divided into three elements: aggregation, composition, and accumulation. There are several types of FIS, which may be limited to two FIS, the most currently used, those of Takagi-Sugeno or Mamdani type. The performance of any fuzzy logic controller (FLC) is greatly dependent on its inference rules and can be drastically affected by the choice of membership functions. Thus, methods for tuning the fuzzy logic controllers are needed. Some applications considered neural networks and genetic algorithms to solve the problem of tuning a fuzzy-logic controller.
In general, the system to be controlled using a FLC requires a crisp or discrete input, rather than a membership function that is produced by the inference engine. Defuzzification is the process of converting the fuzzy output set resulting from the inference process into a discrete number suitable for input to the plant. There are many different methods of defuzzification described in the literature, with varying levels of complexity. Two fundamental methods are known as the Mean of Maxima (MoM) method and the Mamdani's Center of Gravity (CoG) method. In the current work, the Mamdani's COG method shall be used as will be discussed in the following.
The synthesis of the fuzzy-logic control in the current work will be limited to the intelligent tracking of the computed torque control's desired trajectories. This will be established by implementing an off-line tuning of the pole placement coefficients at each excitation frequency without recourse to the tedious. Figure 2 shows the fuzzy logic solutions of the computed torque control.
Figure 2. Fuzzy Logic Solutions of the SMC
This sliding mode control with fuzzy gain adaptation provides discontinuous control function without overestimating the boundary of the disturbances/uncertainties. Chattering can be observed in the output. For reduce the chattering an intelligent gain sliding mode control is defined as follows:
+
( − ). (̇+ ) = ( . +̇) + ( − ). ((̇+ ))
is the output of fuzzy logic gain sliding mode controller. Therefore the fuzzy gain sliding mode controller is:
Results and Discussion
In this section, compare the results of the simulations and evaluate the controllers for robot manipulator.
Tracking data: Figure 3 shows the tracking data in two type's methodology: sliding mode control and intelligent gain sliding mode control. Due to the following graph, in certain conditions sliding mode control has chattering but intelligent gain SMC can remove the chattering. 
Conclusion
This research has studied intelligent gain sliding mode control design for the dynamics of robot manipulators without knowledge of the boundary of the disturbances/uncertainties, using fuzzy sliding mode controls as robust controls for the robot manipulators and as a solution to the problem of chattering. To elucidate this, an intelligent sliding mode control for the n-link robot manipulator which includes the unknown bounded disturbances and uncertainties is studied. A sliding mode control is introduced as a robust control, which provides ultimate accuracy in the presence of the matched bounded disturbances/uncertainties. Chattering is introduced as a problem that accompanies the introduction of a sliding mode control; the chattering may actually damage components and cause loss of accuracy of output. As a solution, gain adaptation is introduced. Gain adaptation mitigates chattering by decreasing the controller gain dynamically when the controller gain is overestimated.
The robot manipulator is chosen as a nonlinear system with un-modeled dynamics, and each adaptive sliding mode control is designed for the robot manipulator system without knowledge of the boundary of the disturbances/uncertainties. As a case study, a robot manipulator is simulated using the designed observers and the designed adaptive controls.
In the case study, traditional sliding mode controllers and intelligent gain sliding mode controllers are designed for the robot manipulator. The control algorithm of the robot manipulator is to control the joint position/velocity to drive the robot manipulator's end effector to a certain position/motion. The boundary of the disturbances/uncertainties and the joint velocity are assumed as unknown. A traditional sliding mode control is applied to design the control of the robot manipulator. Each joint velocity is estimated with the super-twisting observer. The simulation results for each control design are shown. The efficacy of the intelligent gain sliding mode control for the robot manipulators has been confirmed in comparison of the simulation results. The intelligent sliding mode control establishes the sliding mode via the sliding mode control laws with gain adaptation, without knowledge of the boundary of the bounded disturbances/uncertainties. The controller gain values are automatically set up and, because these controller gain values are not overestimated, the chattering is mitigated. The tracking errors, chattering in outputs, and controller gains of the simulations of adaptive-gain sliding mode controls are much close to those of the simulations of traditional sliding mode control with knowledge of the boundary of the disturbances. The greatest achievement of this study is that the intelligent-gain sliding mode control which is designed without knowledge of the boundary of the disturbances, has potential to achieve the accuracy, less chattering, and lower controller gain which are established by the sliding mode control with knowledge of the boundary of the disturbances. To conclude, the intelligent-gain sliding mode control is demonstrated to be the robust control for the unmodeled system, and an effective algorithm to avoid overestimation of controller gains and to mitigate chattering by means of gain adaptation.
